Smartphone applications are becoming an important marketing channel that allows to build long-term relationship with customers. The main advantage of advertising through this kind of media is an opportunity to individually target users with different offers, taking into consideration their characteristics and purchase history. However, little is known about the effectiveness of such practice. We use a purely randomized natural field experiment with 11338 customers of large Russian retail chain to understand factors that influence the effectiveness of advertising through smartphone application. We find that the impact of conducted advertising campaign either on number of purchases or purchase amount is slightly negative on average.
Smartphone applications are becoming an important marketing channel that allows to build long-term relationship with customers. The main advantage of advertising through this kind of media is an opportunity to individually target users with different offers, taking into consideration their characteristics and purchase history. However, little is known about the effectiveness of such practice. We use a purely randomized natural field experiment with 11338
customers of large Russian retail chain to understand factors that influence the effectiveness of advertising through smartphone application. We find that the impact of conducted advertising campaign either on number of purchases or purchase amount is slightly negative on average.
While most previous studies report positive effect of advertising through mobile devices, we can explain the average negative effect by influence of small discount (less than 20%) offers on consumers' behavior. Holiday text of the message makes this effect even stronger. Consistent with the literature, the average effect of advertising depends on RFM characteristics of customers. However, the loyalty of consumers or different texts of an advertising message do not affect the effectiveness of advertising via mobile application. These results can help a retail chain to elaborate rules for individual targeting that assure more profits.
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Introduction
In the era of information technology many means of communication between a retailer and customers already exist: any store or the goods sold there can be advertised with the help of TV, newspapers, radio, SMS-messages, direct mail or the web site. At the same time, new marketing channels arise and open new opportunities for making customers aware of promotions, brands sold by a retailer and special offers. One of such channels is called 'branded mobile apps'. The definition of these apps is given in the article (Bellman et al. 2011 ): "software downloadable to a mobile device which prominently displays a brand identity, often via the name of the app and the appearance of a brand logo or icon, throughout the user experience".
Branded applications developed by the retailer allow the user to have an access to their own purchase history, create 'to buy' list, seek the information about special offers, participate in events organized by the retailer, leave feedback or get extra relevant information (e.g. recipes,
product place in the retail chain). In this research we explore the effectiveness of advertising provided through smartphone application developed by a retail chain involving stores of different size. The retailer we cooperate with is FMCG (fast-moving consumer goods) company that operates on offline market.
According to Portio Research (2013) , mobile applications are becoming more popular:
the number of people worldwide using mobile apps is forecast to rocket from 1.2 billion at the end of 2012 to 4.4 billion users by the end of 2017. This rapid growth of the market motivates retailers to create 'branded applications' aimed at building long-term relationship with loyal customers and attracting those consumers who enjoy using the most up-to-date media, such as mobile apps. Mobile advertising provided with these applications is 'pull' rather than 'push' (Valvi and West, 2015) because the decision to download the application is made by a user. This makes branded applications very specific media that needs further research. How do consumers perceive such applications? Is advertising through mobile apps effective? What types of advertising campaigns are more effective in apps (redemption of coupons, push-notifications informing about discounts, loyalty programs etc.)? An array of questions about consumer's behavior in apps is important to answer because, in contrast to other media (SMS-messages, the Internet), a consumer dictates whether he or she wants to use the app and how much time a user is ready to spend on it.
This work contributes to the literature on advertising in two main ways. First, we investigate the effectiveness of advertising via relatively new promotional channel. We do not provide users of the application with electronic coupons but send them push-notification informing about the current discount for one of the products sold in the retail chain. This helps to make customers aware of relevant offers and does not imply additional costs for the company (such as cost of SMS-messages). In general, every user can find information about all the current discounts of the retail chain in mobile application. Nevertheless, customers are reluctant to read the information about all of them due to time costs. Sending push-notification about a particular offer can change purchasing behavior of customers. That is why it is necessary to realize which characteristics of consumers and promoted goods are important to improve the match between a user and the offer and consequently increase the effectiveness of advertising through mobile app.
Second, we find that the effect of advertising depends on the depth of discount mentioned in the message. While in the article by N. Fong, X. Luo (2015) it is assumed that 20% discount and no-discount effects of SMS-messages on purchase rates are equal, our results suggest that small discounts (less than 20%) can have a negative effect on number of purchases made by customers and purchase amount.
The main goals of this research are to understand how characteristics of offer correspond to consumers response rate and what metrics of past purchase behavior of customers improve the effectiveness of advertising campaign conducted via smartphone application. In order to understand who to target and with which offers, we would like 1. to estimate the effectiveness of advertising campaign through smartphone application (across discount depth, text of the message);
2. to concentrate on heterogeneous treatment effects, i.e. to investigate which characteristics of past purchase behavior of customers (RFM characteristics, brand loyalty) influence the effectiveness of advertising campaign;
To enable an accurate estimate of advertising effectiveness we conducted a randomized field experiment with the retail chain that developed branded application. Every user of the application was assigned to either treatment or control group. The user of application was considered as treated if he or she was sent push notification about one of the goods (SKU -stock keeping unit) sold in the chain. While various metrics can be used to measure the effectiveness of the advertising, purchase amount (the amount of money spent by the consumer) and the number of purchases in the period of advertising campaign are considered as dependent variables in this research. The results of this study should help to provide customers of the retail chain with more relevant advertising messages, that is to create rules for individualized targeting system.
The paper proceeds as follows. In section 2, we discuss prior work on the effectiveness of advertising and individual targeting. In section 3, we discuss the design of the field experiment and exploited model specifications in order to set up a framework for the analysis of advertising.
Empirical results are presented in section 4. The section 5 concludes the paper.
Theoretical background
Our research is mainly related to three streams of the literature on advertising in
Marketing and Economics that supplement each other: effectiveness of advertising, field experiments and personal marketing.
The effectiveness of advertising has become interesting for researchers and practitioners in marketing many years ago (Bagwell, 2008) and is covered in relation to TV (Lodish, 1995 (Arora, 2008) . While the advertisements on the web sites have become better and more personal, the main question about the effectiveness of online advertising has remained undiscovered.
Lewis and Reiley (2014b) have found that online advertisement leads to an increase of purchases by 5% (brick-and-mortar stores account for 93% of the growth). The authors underlined the complexity to find statistically significant effect of advertisement due to high variance of sales even with the use of large sample -1,6 million of individuals.
Mobile marketing has its own advantages: SMS-messages can reach the person wherever he is that should make an ad more effective. Moreover, the customer can be targeted by time and even place (just near the store). In the article (Luo et al. 2013 ) the effectiveness of such practices is investigated using the sample of 12265 mobile phone users. The authors conducted large-scale randomized experiment and came to the conclusion that individually geographical and temporal targeting are effective, but simultaneous use of these two strategies can lead to different results. Because of the endogeneity problem that arises with regard to the relationship between advertising and sales (simultaneous causality), omitted variable bias or selection bias (Bagwell, 2008) , randomized experiments are used more often to measure the effectiveness of advertising than observational data. For instance, one of the earliest experiments in this field (Ackoff, 1975) was devoted to the effect of advertising on Budweiser beer sales. According to Levitt (2009) , experiments with private entities will be more popular in future and they will be aimed at testing and extending current economic theories. However, field experiments have specific limitations and drawbacks. One of the issues is associated with randomization bias that presents a serious problem in research devoted to medical trials or other laboratory experiments. At the same time, Other relevant to this research articles are concentrated on personalized targeting. One-toone marketing, targeting and personalization are the important concepts of customer relationship management. Targeting, or one-to-one marketing, refers to "setting marketing policy differentially for different customers or segments" (Dong, 2009) . Personalization is the form of one-to-one marketing that can be described as the process of identifying the best match between marketing mix and customer's preferences by the company (Arora, 2008) . The work written by P. Rossi (Rossi et al., 1996) was among the first that underlined and quantified the effectiveness of direct targeting. Authors found that revenue associated with target couponing can exceed mass market couponing by 2.5 times. Another article (Ansari and Mela, 2003 (Colombo, 1999) . The most simple form of this framework assumes that response rate depends on following factors: how often the customer buys the product or visits the shop, how much the consumer spends on current and past transactions and how recently the last purchase has been made by a buyer.
The question about what products are more suitable for targeted promotions is rarely explored with the help of randomized experiments in the literature. We are familiar with two works in this field. Bart (Bart et al., 2014) proved that mobile display advertising of utilitarian products with higher level of involvement was more effective than advertising of hedonic goods with lower involvement in terms of consumers' favorable attitudes and purchase intentions.
Blake et al. (2015) investigated product response heterogeneity but did not find significant difference in advertising effectiveness across various product attributes.
The main goal of our research is to understand the relationship between characteristics of customers, different content of the messages and the effectiveness of branded mobile advertising.
This can help us to provide customers of the retail chain with more relevant advertising messages, that is to create some rules for targeting system. In order to understand who to target and with which offers, we would like to answer the following questions:
1) Is advertising effective?
2) Does the effect of advertising differ across characteristics of the message (text of the message, discount depth)?
3) Is the effect of advertising heterogeneous across RFM characteristics of customers?
4) Does loyalty of customers influence the effectiveness of advertisement?
Methodology Experimental Design
To enable unbiased estimate of ad effect, we use data from a field experiment performed in collaboration with the retail chain that includes the stores of different size, located in the city of Perm (one in top 15 largest cities in Russia with population more than 1 million people). The retailer developed branded smartphone application about a ½ year before the experiment. This application is beneficial for both customers who create purchase lists, use the app as a discount card, browse their purchase history and the retailer who can advertise through additional channel.
The research is devoted to advertising via this up-to-date kind of media and individual targeting of push notifications (treatment).
The cornerstone of the study is the random assignment of application users to either one of the treatment groups or the control group. Control group members are not eligible to see any advertisement. The user of application is considered as treated if he or she is sent any push notification. The members of twelve treatment groups receive push notification about discount on one out of twelve products belonging to six product categories: coffee, tea, juice, dairy products, sweets and non-food. These products were chosen for the experiment from a wide range of commodities on which discount was offered during regular two weeks advertising campaign. Table I summarizes information about discounts on the advertised products and their prices before ( 0 ) and during ( 1 ) the campaign. Moreover, customers read one out of two text messages before reaching an application where they get an information about their individual offer (equal shares in each of 12 treatment groups see each of the texts):
Text 1: "Enjoy latest special offers in your favorite store";
Text 2: "Be sure to make a purchase for a holiday".
The users of the application did not know that they participated in an experiment and that the data could be used for the research. Therefore, our experiment can be classified as a "natural field experiment" according to Harrison and List (2004) . To investigate the effectiveness of advertising across different product categories, the experiment exploits a control group and 12 treatment groups that vary the promotion. We have decided to exogenously change the advertised product category (not the products), because variation of particular products'
promotions is hardly useful in terms of additional information gain. For the purpose of the research we choose product categories that are sold in all the stores of the chain and advertise two products among each product category. Note. Table I summarizes information about discounts on advertised products and their prices before ( 0 ) and during ( 1 ) special offer period.
As mentioned, every customer was randomly assigned to one of the 13 groups. Two most common methods of randomization could be used -pure randomization and stratification in relation to different stores of the chain or past purchase characteristics of customers (frequency and recency of purchases, average basket amount). According to Miriam Bruhn and David
McKenzie (2009), "in samples of 300 or more, the different methods perform similarly". As the size of the sample in our research exceeds 300 customers, we used pure randomization method that balanced the characteristics of customers across treatment and control groups.
Our data describe individual customer purchases in the one year before the advertising campaign was run (the "pre-test" period) and one month after this date (the "post-test" period).
We prove that customers were randomly assigned to groups by comparing differences in the most important historical variables -recency (days since last purchase), frequency (number of purchases during 14 months prior to the experiment) and monetary value (amount of money spent during a year; average basket amount). As none of the differences are statistically significant (Appendix I), we conclude that allocation of customers to either control or treatment groups was purely random. 
Empirical Strategy
In this part of the paper we will present all the models and their specifications used to answer the research questions mentioned above. First of all, three models will be used to estimate an average effect of advertising on number of purchases and purchase amount.
1. Average effect of advertising.
Here we pay attention only to average effect of advertising. To our best knowledge, there is no article about the effectiveness of advertising through branded mobile applications in retail.
At the same time, the effectiveness of other digital media (SMS-messages, online advertising, mobile display advertising) has been explored in several papers. For instance, Blake et al. (2015) proved with the help of field experiments that eBay's advertising on Google had a small and statistically insignificant effect on sales. Lewis searching behavior, all online and offline purchases) that are required for measurement of causal effect. Still, some challenges persist to correctly estimate the causal effect of advertising. As
Lewis and Reiley (2014b) mention, the effect of brand advertising is often diffuse and may be not as immediate as the effect of other types of advertising, such as direct mailing. One advertising campaign can be not enough to change purchase behavior of consumers. Our advertising is special: the retailer, informing customers about discounts, advertises not the products, but it's own brand increasing buyers' intention to choose its store for a shopping trip.
That is why it is really difficult to predict whether our brand advertising will be effective on average in short and long term. Furthermore, the application is targeted at loyal customers who would like to know about all the discounts provided with the retailer. This can be the case that advertising can not change purchase habits of these people because they already value the retailer and are familiar with the take-off products offered in the chain.
In order to estimate the effect of conducted advertising campaign we use three models.
The first dependent variable we investigate is the number of purchase occasions in the period of advertising campaign (two weeks) -Q. As this variable is discrete with an ordered metric (Q i =0,1,2,…), classical linear regression is not appropriate (Blattberg, 2008 estimator. We believe that advertising, reminding a consumer about the retail chain or informing him or her about new discounts, will influence consumers' desire to make an additional purchase and prevent users of the application from switching to another store. The specification used to answer this research question is following: 
where -a dummy variable that takes the value of 1 when the user is exposed to any single message.
The second dependent variable we are interested in is the amount of money spent by a consumer in the period of advertising campaign (two weeks) -PA. We will use two models to estimate treatment effect on purchase amount. First, we will use classical linear model as many researches use it to explore the effect of advertising.
Second, we would like to take into account left-censored nature of our dependent variable. We assume that the customer has a latent demand for goods, denoted by PA*, that is not expressed as a purchase until some constant threshold, denoted by , is passed (Cameron and Triverdi, 2005) . The basic idea is that we observe PA* only when it exceeds a threshold.
Furthermore, as expenditure data is better modeled as lognormal, we will deal with special case of Tobit model for lognormal data with a nonzero threshold. The threshold equals the minimum uncensored value of ln( * ). Maximum likelihood is used as an estimation method for this model.
βX i = β 1 * Exposed i + ε i
In both specifications (2) of models (1), and (7) of model (5-6) 1 is the coefficient of interest that is interpreted as the percentage difference in respective dependent variables between consumers who were exposed to the advertising and those who did not receive any message. Due to randomized nature of our experiment 1 coefficient can be explained only as an effect of advertising campaign, while other factors (competitive or macroeconomic events) influence both treatment and control groups and cannot change the coefficient of interest. 1 -coefficient in the specifications (4) of model (3) is interpreted as an absolute difference in purchase amount between exposed to advertisement and control groups.
2.
Heterogeneity of the effect of advertising across different characteristics of the message -discount depth and text of the message.
Discount depth.
We have divided all the advertised products into three groups based on the discount depth of the offers: discounts under 20%, discounts between 20% and 30% and discounts above 30%.
The following discounts are typical for FMCG-companies operating in Russia. Discounts for the products from the first group are close to the minimum discount provided by the retailer.
Discounts applied to the products from the third group are close to the maximum value .
In the article by N. Fong (2015) it is said that the medium discount (40%) is optimal for focal targeting and it leads to an increase in purchase rates. We consequently expect that making customers aware of higher discounts (30-32% in our experiment) will make customers to purchase more.
At the same time, as most of the application's users are loyal customers, they can be familiar with the average discount level in the retail chain. Sending such people the message containing information about small discounts may cause no extra intention to visit the chain.
We answer the question about influence of discount depth by jointly estimating the coefficients 1 , 2 and 3 in the following specification of models (1), (3) and (5-6):
where 1 -dummy variable that takes the value of 1 when the user is exposed to the advertisement of product discount for which is less than 20% and the value of 0 otherwise (control group serves as the baseline condition);
2 -dummy variable that takes the value of 1 when the user is exposed to the advertisement of product discount for which is in the range 20-29% and the value of 0 otherwise.
3 -dummy variable that takes the value of 1 when the user is exposed to the advertisement of product discount for which is greater than 29% and the value of 0 otherwise. Researchers find that a 25% reduction in the interest rate had the same effect on loan demand as including a photo of an attractive woman or not providing the information about a particular use for the loan.
We also would like to test whether "creative" content of the message that we send to customers is important or not. We believe that the message "Be sure to make a purchase for a holiday" will be more effective because it reminds the consumer about a pleasant event and triggers "intuitive" response.
To measure the influence of the "creative" content (the second text associated with a national holiday) on number of purchase occasions and purchase amount we estimate the following specification of models (1), (3) and (5-6):
where 1 -an indicator variable for assignment to the group that received the first (general) message;
2 -an indicator variable for assignment to the group that received the second message about a national holiday.
An estimated coefficients β 1 and β 2 will show an average effect of advertising for groups that have received either the first or the second text relative to control group not being exposed to advertising.
3.
Heterogeneity of the effect of advertising across RFM (Recency, Frequency,
Monetary value) characteristics of customers.
3.1.
Recency of the last purchase. Gonul and Shi (1998) get the same results for direct mailing: researchers apply estimable structural model to database of a national cataloger and find that it is not effective to mail to individuals at low recency levels.
To understand how the effect of advertising is influenced by the recency (how much time passed since last cutomer's purchase) interaction, the following specification of models (1), (3) and (5-6) is used:
βX i = β 1 * Exposed i + β 2 * Exposed i * Recency i + β 3 * Exposed i * Recency i 2 + +β 4 * Recency i + +β 5 * Recency i 2 + ε i ,
where Recency -log of the number of days since the last customer's purchase.
The following specification allows for quadratic form of relationship between these variables. The β 1 coefficient shows the effect of advertising for a customer who made a purchase in a store immediately before receiving an advertising message (when Recency equals zero).
We are interested in a relationship between treatment effect and RFM (recency, frequency, monetary value) variables because they take into account major characteristics of customers that can be extracted from transaction data. offerings of the company and its value. We suppose that in our experiment infrequent customers who downloaded the application will be highly affected by the presence of advertising because this will provide them with new and relevant information.
Gonul and Shi (1998) assert that it is not optimal to target those consumers who purchased many times from the catalog because such customers are likely to buy anyway.
However, our case is a bit different because the branded mobile application is 'pull' kind of media. It means that the users download the application if they feel that they need it. The application is created for loyal customers in order to build long-term relationship. Consequently, we believe that frequent customers are loyal and will be influenced by the branded advertising aimed at loyal customers. Actually, this also can prove informative view of advertising because loyal customers download the application to know about all the discounts of the retailer, i.e. to get new information.
The analysis of heterogeneous effect of advertising through smartphone application in relation to frequency of purchases made by a consumer in 14 months prior to the experiment is performed by estimating the following specifications: 
where -the log of the expression: number of purchases for 14-months period before the campaign divided to lifetime of the consumer expressed in weeks. We define lifetime as the number of weeks between the first and the last transactions completed by the user.
Monetary value (average basket amount).
While we are not familiar with the articles where the relationship between effectiveness of advertising and monetary value of customers is discussed, we think that the effect of advertisement can vary across people with different average basket amount. In order to understand whether the effect of advertising is different for loyal and competitive offers, we estimate specification (12) of models (1), (3) and (5-6). The β 2 coefficient corresponds to the effect of loyalty offer:
where 1 -a dummy variable that takes the value of 1 when a user is exposed to the advertisement of the first dairy product and 0 when the user does not get any message (control group).
1 -a dummy variable that takes the value of 1 for users who bought any good of the same brand as the first dairy product on the prior purchase occasion and the value of 0 otherwise.
In general, we are interested in the effect of loyal and competitive offers for each of the advertised brands, but the design of our experiment allows estimating the effect only for diary products frequently bought by customers. For other brands we do not have sufficient number of observation to identify the effect of advertisements on loyal customers.
Results

Average effect of advertising
In this section we present results about the effectiveness of conducted advertising campaign on average. Two main variables of interest are purchase amount of customers and the number of purchases in the period of advertising campaign.
We run a Zero-inflated Poisson regression to estimate the effect of advertising on number of purchases in two weeks (specification (2) of the model (1)). Tobit regression and linear regression are used for the analysis of the same treatment effect on post-test purchase amount (specification (4) of the model (3) and specification (7) of the model (5-6)). Control group consists of 1418 customers, whereas 8538 mobile application users received the message about one of the advertised products.
According to our results, the probability of the number of purchases being zero is higher for customers exposed to the advertisement (Table III) . Moreover, advertising leads to a decrease in purchase amount (β 1 = −0.137). Note. Table III reports the coefficients from estimating equations (2) , (4) and (6) Results reported in the articles on the effectiveness of advertising are often ambiguous.
For instance, Lodish et al. (1995) report the results of 360 advertising campaigns on TV and find that only 49% of such campaigns were statistically significant at the 20% level. Lewis and Reiley (2014b) discuss two reasons for small and insignificant effects that researchers get: high variance of a dependent variable and insufficient sample size. However, the only article to our knowledge where authors discuss the negative effect of advertising (Anderson et al., 2010 ) is devoted to the impact of deep discounts on long-run demand of customers who had recently paid a higher price for one of the advertised products. In our opinion, a negative average effect we get is associated with the influence of messages containing information about small discounts. We will further discuss this issue in the next section.
2.
Heterogeneity of the effect of advertising across different characteristics of the message -discount depth and text of the message 2.1. Discount depth.
In the research by Fong et al. (2015) it is assumed that purchase rate in the case of 20%-discount should be the same as purchase rate in the no-discount case. Our experimental design enables us to investigate the impact of discount depth on number of purchases and purchase amount. We form three groups of discounts: under 20%, 20%-29% and discounts greater than 29%. Discount lower than 20% was assigned to three advertised products: Sweets1, Sweets2 and Dairy products1. The second group representing discounts from 20% to 29% consists of six advertised products: Non-food goods1, Dairy products2, Coffee1, Coffee2, Tea2 and Non-food goods2. The last group includes the following products: Juice2, Tea1, Juice1. The number of messages sent to customers with information about discounts under 20%, 20-29% and discounts greater than 29% is respectively 2121, 4292 and 2125.
We would like to note that the deepest discounts in this research (30%, 32%) are not considered as 'deep' in the literature. However, these were the deepest discounts in the retail chain during the advertising campaign.
In order answer the question about the effect of different discounts on number of purchases we run a Zero-inflated Poisson regression (specification (8) of model (1)).
Specification (8) of the models (3) and (5-6) helps to estimate the treatment effect of three discount groups on purchase amount. Note. Table IV reports the coefficients from estimating specification (7) of models (1), (3) and (5-6) on a sample of consumers who received only one advertising message or did not receive any message. Bootstrap clustered standard errors are in parentheses. ***Significantly different from zero, p<.01 **Significantly different from zero, p<.05
We find a very interesting result that messages containing information about small discounts (under 20%) have a negative impact on the number of purchases made by customers and their purchase amount (Table IV) . We suppose that the negative average effect of advertising campaign we find is caused by the negative influence of small discounts. This can be the case that application users feel disappointed with promotions they are informed about because the offered discount is too small. Consequently, they make fewer purchases than those who did not receive any information.
Text of the message.
Here we investigate the relationship between the content of message and the effectiveness of advertising.
We test whether the message "Be sure to make a purchase for a holiday" (Text 2) will be more effective than Text 1 ("Enjoy latest special offers in your favorite store"). Text 1 is quite general, whereas the second text reminds the consumer about a pleasant event. Control group includes 1418 customers, 4878 people received one message containing the first text, 3660 consumers were sent one message with the second text. Note. Table V reports the coefficients from estimating specification (13) of models (1), (3) and (5-6) on a sample of consumers who received only one advertising message or did not receive any message. Bootstrap clustered standard errors are in parentheses.
***Significantly different from zero, p<.01 **Significantly different from zero, p<.05
We estimate the specification (9) of models (1), (3) and (5-6) and find that, according to
Zero-inflated Poisson model, only the second text has a negative effect on number of purchases made by customers (Table V) . It can be the case the text about holiday and information about small discounts do not agree with each other. In general, we believe that the negative effect of texts we find (specification (9) of model (5-6)) is associated with the effect of small discounts.
3.
3.1. Recency of the last purchase.
We expect that the effect of advertising can be dependent on recency of customer's last purchase. We test quadratic form of relationship between advertising effect and Recency variable (how much time has passed since a customer's last purchase) by estimating specification (10) of models (1), (3) and (5-6). Table VI reports the coefficients from estimating these models.
We find quadratic form of relationship between the Exposed and Recency variables. This implies it is effective to target customers who did not visit a shop for a long time that is consistent with informative view of advertising. At the same time, customers who did not make any purchase for more than half a year are unlikely to respond to offers. Note. Table VI reports the coefficients from estimating specification (9) of models (1), (3) and (5- 
3.2.Frequency of purchases.
In this part of our work we explore interaction between Frequency and Exposed variables. We test quadratic form of relationship between frequency of purchases made by a customer within 14 months prior to the advertising campaign and treatment effect. Table VII reports the coefficients from estimating specification (11) of models (1), (3) and (5) (6) . We find that the relationship between the variables of interest is quadratic.
To better understand the interaction between treatment effect and frequency of purchases we draw a graph ( Figure 2) showing relationship between log of Frequency variable and the effect of advertising on number of purchases (Zero-inflated Poisson model, second equation).
The result that advertising is effective for infrequent customers is consistent with findings by Blake et al. (2015) and Gonul and Shi (1998) . This can be explained by informative view of advertising because customers who rarely make purchases are often unfamiliar with offerings of the retail chain. However, Gonul and Shi (1998) highlight that it is not optimal to target those consumers who purchased many times. It is possible that we get an opposite result because of nature of the advertising campaign we run. Only those frequent customers who would like to get information about news and discounts of a retail chain download the application. So, they are sensitive to advertising messages sent through the application. Note. Table VII reports the coefficients from estimating specification (10) of models (1), (3) and (5- 
3.4.
Monetary value (average basket amount).
We suppose that the effect of advertising can also depend on the third important characteristic of customers -monetary value. We test quadratic form of relationship between log of average basket amount and the treatment effect. Table VIII reports the coefficients from estimating specification (12) of models (1), (3) and (5-6). We find that the relationship between the monetary value of application users and the treatment effect is quadratic. Figure 3 represents this relationship. We can conclude that it is worth targeting customers with small monetary value and high monetary value. Here we try to answer the main question of direct marketing -who to target and with which offer. We explore whether the effect of advertising is higher for loyal customers (those who have bought the product of the advertised brand at the last visit of the store). To answer this question we use only two groups of people: control group and group of customers who have received the advertisement of Dairy products 1 (as consumers frequently buy dairy products). We have 96 loyal customers (they have bought the product of the advertised brand on their last purchase occasion) in the control group, 43 loyal consumers -in the group of people who got the message about Dairy products 1. The number of other customers in the control group is equal to 1322, in the Dairy products 1 group -654.
We find that there is no additional effect of advertising on loyal customers (Table IX) .
There is also no effect of competitive offers as 2 coefficient is statistically insignificant. The reason for that might be the lack of data. Moreover, loyal customers can be defined on the basis of the whole historical purchases (not only the last purchase occasion). Such approach requires even more data though.
Conclusion & Discussion
This work contributes to the literature on advertising by presenting empirical findings about the effectiveness of advertising through a new and very special medium -branded mobile application. The main findings of our research are the following:
1. The impact of advertising campaign either on number of purchases or on purchase amount is slightly negative on average. This is due to small discount offers in conjuncture with holiday text.
2. No effect of different texts of the message is found.
3. The effect of advertising depends nonlinearly on RFM characteristics of consumers.
4. We find no additional effect on loyal customers (while the measure of loyalty we use is very simple and we have lack of data to answer this question).
To conclude, the effectiveness of advertising is dependent on recency of customer's last purchase, frequency of purchases, consumers' monetary value and the depth of discount provided to mobile application users. These results can help a retail chain to create some rules for individual targeting and understand who are more sensitive to advertising.
An average effect of advertising we get can be underestimated. Some customers turn "push" notifications off from their smartphones. Randomization procedure ensures that equal rates of consumers do not receive a message across all groups. Nevertheless, the users who did not get a message were not influenced by variation of offers. Therefore, aggregate difference between treatment and control groups is likely to be smaller than in the situation when all consumers are affected by advertisement. Thus, the effect we estimate is called "intention to treat effect". It means that we analyze all the customers that were treated. Dividing "intention to treat effect" by the share of users who actually have seen an advertisement leads to "treatment on treated" effect (Lewis and Reiley (2014b)) that can be greater and statistically significant.
However, we do not have data about a share of such customers.
We believe that the main limitation of this study is associated with generalization problem that is common to field experiments. We carried out one experiment for a single retailer that makes it uncertain to what extent the results will generalize. Moreover, to make results more persuasive it is better to replicate an experiment. However, to the moment we had not an opportunity to do an experiment again and check whether we come out with the same results.
The last problem we would like to mention is that after entering the app via a push notification, the buyer could see three goods with the targeted product in the first place. 
